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Abstract—This article examines the feasibility of measuring 
the three-dimensional (3D) displacement of moving targets 
using a distributed network of three 24 GHz Doppler radars 
positioned along orthogonal axes. Though radar sensors offer 
advantages over optical sensors in terms of cost and privacy, 
conventional phase-based estimation fails during stationary 
periods or with multi-component targets. To address these 
issues, this work proposes a displacement detection method 
based on an ad-hoc experimental setup and the micro-Doppler 
signature. A curve extraction algorithm isolates the different 
body parts, which are then integrated over time to determine displacement. The proposed method is validated through 
both simulation and measurements and supported by a stereophotogrammetric system as ground truth. The system's 
effectiveness was further demonstrated through a proof-of-concept human walking trial, proving that micro-Doppler 
analysis can overcome the limitations of classical phase-based methods in biomechanical applications. 

 
Index Terms—biomedical applications, center of mass, distributed network, Doppler radar, micro-Doppler signature, 

three-dimensional displacement. 

 

 

I.  Introduction 

N the past years, radar sensors have outperformed 

conventional mechanical and optical sensors, due to their 

contactless measurements and reliability under adverse lighting 

conditions [1], [2]. Consequently, radars have become vital in 

the automotive sector, industrial processing, and biomedical 

environments [3], [4], [5], [6], [7], [8], [9]. For displacement 

measurement, Doppler radars are generally preferred over 

frequency-modulated continuous wave (FMCW) radars, due to 

their simpler architecture, lower cost, reduced power 

consumption, lower computational complexity for data 

processing, and a higher detectable maximum speed [10]. 

The accurate displacement extraction is a critical step, and 

many contributions have been proposed [11], [12], [13], [14]. 

Frequently, displacement is extracted directly from the received 

signal phase [15], [16], [17]. However, this method requires 

additional effort when the target is stationary during the 

measurement, as thermal noise can dominate the signal, leading 

to incorrect displacement evaluation due to random phase 

evolution [18], [19]. Furthermore, in non-rigid body scenarios, 

such as human motion, the total phase is the sum of the 
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individual phase histories, which complicates the estimation 

[20], [21]. Additionally, phase-based methods are highly 

sensitive to unexpected interference [22]. These limitations 

have encouraged the investigation of alternative signal 

representations and processing strategies [23], [24]. 

In a clinic environment, accurate human body displacement 

detection plays a fundamental role in gait analysis, motion 

recognition, athlete performance evaluation, rehabilitation, and 

diagnostics [25], [26], [27]. In this scenario, the radar sensing 

system is proposed as a valuable alternative technology to 

optical-based systems and inertial measurement units (IMUs). 

Optical cameras are usually limited by visual-range occlusions, 

require controlled lighting, and necessitate wearable markers 

that may alter natural gait, causing user discomfort and privacy 

concerns. Moreover, cameras require substantial physical space 

due to their arrangement in the environment [28]. On the other 

hand, although cheaper, IMU sensors are often affected by 

cumulative integration drift, due to sensor inconsistency and 

external factors, which compromise their accuracy [29], [30]. 

Instead, the radar sensor network offers a non-invasive, low-

cost, space-efficient, and privacy-preserving approach.  

In this context, due to the phase challenges and human 
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motion complexity, time-frequency analysis is often employed 

[31], [32], [33]. The micro-Doppler signature provides a time-

varying velocity representation, identifying different motion 

components for more robust tracking, even during pauses or 

superimposed movements [34], [35], [36], [37], [38], [39]. 

However, existing studies are limited to one-dimensional 

displacement estimation using a single radar. This 

configuration restricts the analysis and limits the understanding 

of the target dynamics in complex trajectories or multi-axis 

movements. In [40] and [41], a new methodology is presented 

to extract the target motion pattern from the micro-Doppler 

signature. However, both contributions present only simulated 

results, lacking the experimental evidence required for 

qualitative and quantitative comparison with our methodology.  

This work explores the feasibility of reconstructing the three-

dimensional displacement of a moving target by integrating 

measurements from three 24 GHz Doppler radar sensors 

positioned along orthogonal X, Y, and Z axes. Since single-

input single-output radars measure only radial movements, a 

distributed network of three radar sensors is used to reconstruct 

three-dimensional (3D) motion along the three orthogonal axes. 

A new displacement detection technique is proposed to advance 

the current state of the art. The algorithm initially extracts the 

velocity curves from each radar micro-Doppler signature, 

which are subsequently integrated to obtain the three 

independent displacements. The validity of the new algorithm 

has been tested on both simulated and experimental data, 

including trials on a spherical moving object and evaluation 

involving a human subject. In the experimental setup, radar 

measurements were compared with those from a synchronized 

stereophotogrammetric system, providing an independent 

ground truth for precise assessment, measuring its accuracy, 

and highlighting the strengths and limitations of the proposed 

method [42].  

The rest of this article is organized as follows: Section II 

introduces the theoretical background of Doppler radar and 

discusses the phase history displacement estimation method and 

micro-Doppler analysis. Section III details the micro-Doppler-

based extraction method. Section IV covers the simulated 

scenario and experimental setup, analyzing the results. Finally, 

Section V presents the conclusion.  

II. DOPPLER AND MICRO-DOPPLER THEORY 

Due to the Doppler effect, the frequency of the received 

signal differs from the transmitted one, providing information 

on the speed and displacement of the target [34]. Considering a 

typical block diagram of Doppler radar, as shown in Fig. 1, the 

transmitted constant frequency signal 𝑆𝑡(𝑡) is written as: 

𝑆𝑡(𝑡)=𝐴𝑡𝑐𝑜𝑠 ( 2𝜋𝑓𝑐𝑡+𝜙0) (1) 

where fc is the carrier operating frequency, ϕ0 is the initial phase, 

and At is the amplitude of the signal [15],[34],[36].  

For a multi-component target moving along the field of view 

of the radar sensor, the echo signal 𝑆𝑟(𝑡) intercepted by the 

receiver is the sum of N components, and at the output of the 

two mixers, the in-phase SI(t) and quadrature SQ(t) signals are: 

 
Fig. 1. Doppler radar system block diagram. 

𝑆𝐼(𝑡)= ∑ 𝐴𝑖𝑐𝑜𝑠 (2𝜋𝑓𝐷𝑖𝑡+𝜙𝑖)

𝑁

𝑖=1

 (2) 

𝑆𝑄(𝑡)= ∑ 𝐴𝑖𝑠𝑖𝑛 (2𝜋𝑓𝐷𝑖𝑡+𝜙𝑖).

𝑁

𝑖=1

 (3) 

where Ai and ϕi represent the amplitude and the phase of the i-

th component of the received signal, while fDi corresponds to 

the Doppler frequency of the i-th target component, and it is 

given by the expression: 

𝑓𝐷𝑖= ±
2𝑣𝑖𝑐𝑜𝑠(𝜓)𝑓𝑐

𝑐
= ±

2𝑣𝑖𝑐𝑜𝑠(𝜓)

𝜆
 (4) 

where c is the speed of light in a vacuum, λ is the wavelength, 

and v is the target speed. The sign indicates whether the target 

is approaching or moving away from the radar, whereas ψ is the 

angle between the velocity vector of the target component and 

the radar line-of-sight (LOS) [34],[36],[39]. 

The traditional phase-based procedure determines the phase 

value, φ(t), using nonlinear arctangent quadrature 

demodulation, which is expressed as:  

𝜑(𝑡)=𝑡𝑎𝑛-1 (
𝑆𝑄(𝑡)

𝑆𝐼(𝑡)
) = ∑ ±

4𝜋𝑥𝑖(𝑡)

𝜆

𝑁

𝑖=1

+
4𝜋𝑑0

𝜆
+𝜙0+𝑛𝑃ℎ(𝑡) (5) 

where xi(t) is the displacement of the i-th target component, d0 

is the initial target distance, and nPh is the phase noise [34]. It is 

worth noting that the term d0 is constant, as well as ϕ0. 

Therefore, the displacement is accurately estimated when the 

target is in motion, and the signal-to-noise ratio is sufficiently 

high. Nevertheless, during the stationary period of the target, 

xi(t) = 0, the phase noise dominates the received signal’s phase 

φ(t), leading to incorrect displacement evaluation. Furthermore, 

the phase-based displacement measurement inherently includes 

every motion of a multi-component target, making it 

challenging to distinguish individual components [15], [18]. 

To overcome these limitations, the micro-Doppler analysis 

method can be used. Multiple target movements create a 

Doppler modulation, leading to extra spectral components 

around the main Doppler frequency. To retain the time-

frequency features of the signal, the Short-Time Fourier  
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Fig. 2. Block diagram for the displacement extraction method. 

 

Transform (STFT) is applied, producing a spectrogram that 

shows how the frequency components change over time. The 

STFT of the beat signal Sb(t) = SI(t) + jSQ(t) is expressed as:  

 𝑆𝑇𝐹𝑇(𝑡, 𝑓)= ∫ 𝑆𝑏(𝜏) 𝑤(𝜏-𝑡)𝑒-𝑗2𝜋𝑓𝜏𝑑𝜏
+∞

-∞
 (6) 

where w is the short-time window function [33],[35].  

It is worth noting that the choice of window function and its 

size determine the trade-off between time and frequency 

resolution of the spectrogram. 

III.  DISPLACEMENT EXTRACTION METHOD 

As shown in Fig. 2, to extract the displacement information from 

the micro-Doppler signature, three fundamental steps are required: 

1) Obtain the micro-Doppler matrix from the raw signal. 

2) Apply the extraction algorithm on the micro-Doppler matrix. 

3) Integrate the extracted velocity curves to obtain the 

displacement. 

A. Micro-Doppler Matrix Evaluation 

To achieve a suitable trade-off between time and frequency 

resolutions, the STFT employs a Hamming window with a 

duration of 0.1 s and an overlap of 90%. Moreover, for long-

duration records, applying the STFT to the entire signal can be 

computationally impractical. Therefore, the Micro-Doppler 

analysis is performed on consecutive 3 s signal segments. This 

segmentation introduces inaccuracies at the boundaries of each 3 s 

block. To address this discontinuity, an overlap of 0.2 s is adopted 

between consecutive segments. This results in a shift of 2.8 s 

between the start of each STFT calculation. For example, in a 12s 

signal, the STFT is computed over the intervals [0 – 3] s, followed 

by [2.8 – 5.8] s, [5.6 – 8.6] s, and [8.4 – 11.4] s. The final time 

interval, starting at 11.2 s, is not processed as its remaining duration 

is insufficient for the required 3 s window. This procedure 

effectively solves the boundary discontinuity issue, at the cost of a 

slight but negligible reduction in the total micro-Doppler time 

analysis. Finally, the single micro-Doppler matrices are 

concatenated, and the merging procedure can be defined as: 

𝑀𝑆𝑇𝐹𝑇 = 𝑀1[𝑡1, 𝑡1+𝐿-𝛥] ∪ … 𝑀𝑖[𝑡𝑖-1+𝐿-𝛥 +𝜀, 𝑡𝑖+𝐿-𝛥] ∪ … (7) 

where MSTFT is the final micro-Doppler matrix, M1 is the first STFT 

matrix, Mi is the i-th STFT matrix. The terms t1 and ti represent the 

starting time of the first and the i-th STFT interval, respectively. 𝐿 

denotes the duration of each segment on which the STFT is 

computed, and 𝛥 is the time margin to ensure a proper overlap 

between consecutive matrices, which depends on the STFT 

parameters and segment overlap. The term 𝜀 prevents the last 

column of one matrix from being reused as the first column of the 

next matrix, and its value is derived from the STFT parameters. In 

this work 𝐿, 𝛥 and 𝜀 are equal to 3, 0.1, and 0.01 s, respectively.  

 
Fig. 3. Example of the curve extraction process 

 

The resulting micro-Doppler matrices are merged by keeping 

the columns corresponding to [0 – 2.9] s from the first matrix, [2.91 

– 5.7] s from the second matrix, [5.71-8.5] s from the third, and 

[8.51-11.3] s from the fourth. 

B. Curve Extraction Algorithm 

As shown in Fig. 3, the first step of the extraction involves 

identifying the peaks of the micro-Doppler curves in each column 

of the matrix. It is worth noting that the intensity of the micro-

Doppler signature of a target can be associated with a bell curve on 

the frequency side. Consequently, each point of the column is first 

compared with an optimally chosen threshold, determined using 

established methods [43]. Consequently, the peaks are given by: 

 𝑃(𝑡𝑖 , 𝑓𝑗)= {
𝑀(𝑡𝑖, 𝑓𝑗) if 𝑀(𝑡𝑖 , 𝑓𝑗) > 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

0 otherwise 
 (8) 

where P (ti, fj) is the peak value, M (ti, fj) denotes the signal 

intensity at the i-th time ti and the j-th frequency fj. Afterward, the 

algorithm detects the maximum of every bell curve in the column. 

Therefore, the result is a matrix that contains the row number of 

the detected points for each curve present in the micro-Doppler 

signature. 

The second step aims to form the curve vectors. Firstly, each 

point detected in a column is compared with the elements in the 

immediately adjacent right column. Points are grouped into the 

same curve vector if they satisfy a continuity criterion, specifically, 

if the difference in their row indices lies within a predefined 

interval, which can be tailored according to the specific application 

requirements. If the detected point is compatible with multiple 

elements of the previous column, the merger stops, and a new 

vector is initialized to avoid a potential incorrect point association. 

For example, when two contributions intersect in the micro-

Doppler signature, the cross point is common to each vector curve. 

This creates ambiguity in how the algorithm will merge the 

successive points of the two contributions. Therefore, the 

fragmented curves are merged using a linear prediction model that 

estimates the next point in the curve. If a point from another curve 

is found to be closer to the predicted position, it is linked to the 

current curve vector. When no point is found in the next column, 

the algorithm searches up to three subsequent right columns. If no 

valid continuation is identified, the curve is considered completed. 

The nearby point in the same column may initially form two 

distinct curves. However, as the algorithm proceeds, they 

eventually cover the same points. The third step combines similar 

curves using a weighted average based on the intensity of their 

points for each column, as follows: 
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Fig. 4. (a) Simulated scenario. (b) Simulated micro-Doppler signatures and extracted velocity curves (blue line) for radar X, (c) radar Y, and (d) radar 
Z. (e) Three-dimensional displacement of the simulated scenario (blue curve, from micro-Doppler; red curve, from phase). 

 

 𝐶𝑚𝑒𝑟𝑔𝑒𝑑(𝑡)= ∑
𝐼(𝐶𝑖) 𝐶𝑖(𝑡)

𝐼(𝐶𝑖)
 

𝑛

𝑖=1

 (9) 

where the parameter n is the number of curves, Ci(t) is the i-th 

velocity curve, and I(Ci) is the intensity of the i-th curve, which is 

based on the intensity of its points. Finally, the vector curves, 

mapped with the row indices, are converted into the velocity value 

given by considering the frequency vector obtained by applying (6) 

and employing (4). Therefore, the target displacement can be 

achieved by integrating the related velocity curve, as: 

 𝑥(𝑡)= ∫  𝑣(𝑡)𝑑𝑡
𝑡

0
 (10) 

IV. METHOD VALIDATION 

Simulations and experimental scenarios were considered to 

evaluate the feasibility of three-dimensional displacement 

detection and extraction. The simulation and the first 

experiment serve as proofs of concept, aiming to assess whether 

radar sensors can effectively detect the target velocity. The 

second measurement focuses on a more realistic movement to 

extract the 3D trajectory of a human subject’s center of mass.  

A. Simulated Scenario 

A point target was modeled to perform a damped conical 

pendulum motion, i.e., a damped circular motion along the X-

Y plane, and a small height variation along the Z axis, due to 

air resistance. The presence of three 24 GHz Doppler radars was 

simulated along the orthogonal axes (X, Y, Z). Fig. 4(a) 

illustrates the simulated scenario and the target movement. The 

simulation starts with the target moving with an initial 

tangential speed of 1 m/s and a pendulum radius of 

approximately 30 cm. The total simulated time for the 

measurement is 20 s. An exponential decay function is applied 

to the velocity to simulate the damping effect caused by air 

resistance, resulting in a gradual decrease in both speed and 

pendulum radius over time, causing a displacement of a few 

centimeters along the Z axis. The baseband echo signals 

received by each Doppler radar sensor are analytically 

generated by computing the in-phase and quadrature 

components, which are obtained by converting the simulated 

trajectory of the target into proportional phase values. Thus, the 

two signals are combined to obtain the down-converted signal 

Sb(t). Thus, the two signals are combined to obtain the down-

converted signal Sb(t). Applying the method described in 

Section III, the micro-Doppler signatures are obtained for each 

radar and shown in Fig. 4(b), (c), and (d). Although a motion is 

present along the Z-axis, this is performed for a relatively long 

time, i.e., 20 s. This corresponds to a non-zero but very low 

speed that cannot be detected due to the limitations illustrated 

in the next section. Fig. 4(e) shows the three-dimensional 

motion reconstructed from the micro-Doppler method (blue 

curve). The red curve represents the displacement from the 

phase-based (arctangent) method. The two curves are very 

similar, with minor differences due to the different processing 

techniques used. This is expected because, in the case of a 

single-point target, the classic phase-based method works well, 

and the related displacement fits very well the curve extracted 

from the micro-Doppler signature. Even though the presence of 

a single curve eases the algorithm burden, this is not the case in 

the real scenario shown in the next section, where the right 

curve is extracted also for a more complicated environment. 

B. First Experimental Setup: Aluminum Sphere 

The first experimental measurement reproduced the 

simulated scenario and used a stereophotogrammetric system as 

ground truth, i.e., a nine-camera stereophotogrammetric system 

(Vero 2.0, Vicon, Oxford Metrics, UK; sampling rate of 

200 Hz). This single controlled measurement serves as a 

technical validation to verify the point-by-point correspondence 

between the radars and the high-precision reference system. 

The target was a 7 cm diameter aluminum sphere to ensure high 

electromagnetic and optical reflectivity. It was suspended by a 

1.5 m long thread and anchored to an ad-hoc 2.5 m wooden 

structure, which also supports the Z-axis radar. The sensors 

along the X and Y axes were positioned at approximately 1.5 m 

from the target and elevated 1 m from the ground using tripods. 
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Fig. 5. (a). Picture of the first experimental measurement. (a) Measured micro-Doppler signature, velocity curves extracted from radar data (blue) 
and stereophotogrammetric reference (green) for radar X, (b) radar Y.  
 

 
Fig. 6. Two-dimensional comparison of the displacement in the first 
experimental scenario: radar-estimated displacement (blue curve, from 
micro-Doppler), (red curve, from phase), and stereophotogrammetric 
reference (green curve). 

 

Three Doppler radars, each based on the BGT24LTR11 

transceivers by Infineon Technologies, were employed. They 

operate in the 24.0 – 24.25 GHz ISM band and have microstrip 

patch array antennas integrated with a 29x80° beamwidth and 

10 dB gain. The Effective Isotropic Radiated Power (EIRP) for 

each radar is +14 dBm. To effectively cover the setup volume, 

the X and Y sensors were oriented to have their wider beam 

aligned with the motion plane. A DE10-Lite development 

board, based on the Intel MAX 10 10M50DAF484C7G Field 

Programmable Gate Arrays (FPGA), was used for signal 

management and synchronization with the 

stereophotogrammetric system. The FPGA performs the data 

acquisition of in-phase and quadrature signals for each radar at 

a sampling rate of 2.5 kHz, enabling the detection of velocity 

up to approximately 7 m/s. The acquired data are stored in 

onboard SDRAM and subsequently transmitted to a PC via a 

serial communication module. In addition, a Digital-To-Analog 

converter has been implemented in the FPGA to generate three 

distinct tuning voltages and set the radar operating frequencies 

to 24.060 GHz, 24.156 GHz, and 24.248 GHz, thus effectively 

avoiding mutual interferences. The physical connection is 

established using 3-meter-long cables, which transmit IF data, 

the analog tuning voltage, and the power supply.  

Fig. 5(a) shows the experimental setup, including the target, 

the three radar sensors along the X, Y, and Z axes, and cameras. 

It is worth noting that the onboard 6Ch-ADC of the FPGA has 

a sampling time of 1 μs, resulting in a maximum time difference 

of 6 μs between the first and last sampled channels. Considering 

a maximum expected target speed of 1.5 m/s, the corresponding 

target displacement after 6 μs is approximately 9 μm. Therefore, 

this displacement is negligible, and the three radars can be 

considered synchronized for this study. Fig. 5(b) and (c) show 

the measured micro-Doppler signatures compared with the 

reference velocity profiles along the orthogonal axes. 

TABLE I 
CALCULATED DISPLACEMENT RMSE, VARIANCE VALUE, AND MAXIMUM 

ERROR FOR SPHERE TARGET 

Target Radar RMSE (cm) σ2 (cm2) emax (cm) 

Spere X 0.45 0.09 0.84 
 Y 0.75 0.16 1.35 

 

Moreover, the radar curves are also extracted to determine 

the similarity with the stereophotogrammetric system. To this 

aim, the root mean square error (RMSE) is calculated. From the 

results, the radar velocity curves on the X and Y axes closely 

match the reference measurements, with root mean square error 

(RMSE) values of 0.017 m/s and 0.036 m/s, respectively. The 

velocity along the Z-axis cannot be detected in this 

configuration. Indeed, according to (4), the Doppler shift is zero 

when the angle ψ between the target velocity vector and the 

radar Z LOS is exactly 90°. In this case, the low downward 

velocity of the target due to air friction produces a signal with a 

very low Doppler frequency. The passband of the amplification 

stage after the IQ mixer ranges from 23 Hz to 1.8 kHz.  

Therefore, due to the low velocity, the received signal is not 

sufficiently amplified to be adequately detected. This is a 

limitation of many commercial Doppler radars equipped with 

ac-coupled receivers. Consequently, for very low speed, 

accurate displacement can only be obtained along the X and Y 

axes, where the measured curve and the reference are closely 

matched, as shown in Fig. 6. The results show that the radar 

sensor system accurately tracks the target velocity; meanwhile, 

the proposed method allows an accurate displacement 

evaluation, demonstrating the feasibility of the proposed 

approach, especially under favorable angular conditions. On the 

other hand, Fig. 6 shows that in the case of real multi-point 

targets, the classic phase-based method fails to detect the 

correct displacement, whereas the curves extracted from the 

micro-Doppler signature fit very well with the data measured 

by the stereophotogrammetric system. The RMSE, the variance 

(σ2), and the maximum error (emax) for the displacement are 

summarized in Table I. 

C. Second Experimental Setup: Walking Human 
Subject 

The second experiment involved a human participant 

(female, age: 44 years, height: 1.71 m, mass: 58 kg) walking on 

a treadmill at a constant speed of 4 km/h. The participant was 

enrolled only after signing written informed consent consistent 

with the Declaration of Helsinki. The study protocol was 

approved by the University of Bergamo Ethics Committee 

(approval code 2024_07_06). This measurement was conceived 

as a proof-of-concept to demonstrate the feasibility of the 
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Fig. 7. (a) Picture of the second experimental measurement. (b). Comparison between velocity curve extracted from radar data (blue), and 
stereophotogrammetric reference (green) for radar X, (c) radar Y, and (d) radar Z micro-Doppler signatures. (e) 2D displacement, during normal 
walking at 4 km/h (red curve, displacement from phase). 
 

proposed methodology. To consider the treadmill geometry and 

the need to observe motion along the anteroposterior, 

mediolateral, and craniocaudal directions, the X- and Y-axis 

radars were repositioned. The radar on the X axis was located 

behind the treadmill, approximately 1.5 m away from its center, 

thus minimizing the possible contribution of the treadmill’s 

front cover. The radar sensor along the Y axis was placed on 

the side handrail, 50 cm from the center of the treadmill.  

It is worth noting that for this type of antenna, the far field 

condition is satisfied for distances beyond 10 cm, given that the 

longest dimension of the antenna is 2.5 cm. Fig. 7(a) illustrates 

the final configuration of the radar-treadmill setup. The 

stereophotogrammetric system recorded the three-dimensional 

trajectories of 18 passive reflective markers that were attached 

to the participant to define an 11-segment model according to 

[44],[45]. 

The body center of mass trajectory was subsequently obtained 

using Dempster’s segmental inertial parameters, as the 

weighted mean of the center-of-mass trajectories of the 

individual segments [46]. Finally, the body center of mass 

velocity was obtained via differentiation of its trajectory. The 

radar ability to detect this parameter highlights its potential as a 

viable, non-invasive alternative for human gait analysis.  

Two sessions of measurement were conducted: in the former, 

the participant walked normally; in the latter, the participant 

was instructed to keep the arms as still as possible to reduce the 

components caused by arm swinging in the radar micro-

Doppler measurement. Fig. 7 (b), (c), and (d), and Fig. 8 show 

the micro-Doppler signatures obtained during the two walking 

trials, compared to the reference provided by the 

stereophotogrammetric system. It is worth noting that micro-

Doppler measurements exhibit a periodic pattern due to the 

treadmill setup. Indeed, the treadmill's presence forces the 

subject to move on the same point, thus making any movements 

periodic with a null average speed. Along the X axis, the high-

intensity components centered around 0 m/s indicate the 

velocity of the center of mass. The comparison between the two 

trials also shows strips extending up to ± 1.5 m/s, roughly 

corresponding to the motion of the arms during the gait cycle.  

As demonstrated in Fig. 8(b), the proposed method is capable 

of extracting multiple, distinct speed curves from a single 

micro-Doppler measurement, which provides a clearer 

representation of the individual body part motions. Along the Y 

axis, the components caused by swinging arms complicate the 

analysis and reduce the ability to detect the lateral component 

of the center of mass velocity during natural walking. 

Moreover, the minimal radial displacement along the Y axis is 

captured by radar due to the large radar cross-section of the 

human body.  

Conversely, the Z-axis signature is primarily generated by the 

vertical movement of the subject’s head, effectively capturing 

the vertical velocity of the center of mass since the vertical 

oscillation of the head is closely correlated with the vertical 

displacement of the body while walking. As expected, Fig. 8(e) 

shows that the displacement extracted through the phase-based 

method leads to an incorrect estimation. Finally, Fig. 9 shows 

the three-dimensional trajectory of the center of mass, estimated 

by the radar system and the reference stereophotogrammetric 

system during the trial with arm swing suppression. Moreover, 

Fig. 9(a), once more, shows that the displacement extracted by 

the phase-based method leads to incorrect displacement, 

making it unsuitable for 3D displacement measurements. It is 

important to note that in Fig. 7(e) and Fig. 8, only a time interval 

of the full measurement is displayed to enhance visualization of 

the displacement trend and better emphasize the comparison. 

Specifically, the time interval shown is 3.18 - 3.8 s in Fig. 7(e) 

and 0.5 - 1.3 s in Fig.8. As reported in Table II, the obtained 

RMSE, maximum error, and variance can be considered quite 

satisfactory; indeed, it is worth noting that the body center of 

mass measurements are indirect measurements referred to a 

point inside the participant’s body whose range of movement 

along the three considered axes is in the order of centimeters, 

depending on the direction [47]. Apart from the Y-axis during 

typical walking with free arms, an error in the order of 
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Fig. 8. Comparison between micro-Doppler signature, radar-extracted velocity (blue), and stereophotogrammetric reference (green) for (a) radar X, 
(b) radar Y, and (c) radar Z during 4 km/h walking without arm swing. 
 

 
Fig. 9. (a) 3D center of mass displacement, (b) XY, (c) XZ, and (d) YZ planes extracted by radar (blue curve, from micro-Doppler), (red curve, from 
phase), and stereophotogrammetric reference (green curve).  

 

TABLE II 
CALCULATED DISPLACEMENT RMSE, VARIANCE VALUE, AND MAXIMUM 

ERROR FOR HUMAN TARGET 

Walk Radar RMSE (cm) σ2 (cm2) emax (cm) 

With Arms X 0.29 0.07 0.54 
 Y 1.91 3.11 3.65 

 Z 0.13 0.02 0.23 

No Arms X 0.34 0.09 0.59 

 Y 0.34 0.33 0.65 
 Z 0.16 0.14 0.34 

 

millimeters has been obtained using contactless tracking of 

external movements of a subject walking on a treadmill. 

These findings demonstrate that micro-Doppler-based 

displacement estimation offers a robust alternative for motion 

tracking, especially in scenarios where phase-based techniques 

are limited by target stationarity or complex motions. 

Furthermore, the results underline the strong potential of radar-

based systems in human gait analysis and body center of mass 

estimation. 

V. CONCLUSION 

This study presents a proof-of-concept for 3D displacement 

estimation via Doppler radars by isolating velocity components 

from micro-Doppler signatures. Validated through simulations 

and experiments on a spherical target, the method showed 

strong agreement with stereophotogrammetric ground truth.  

Additionally, its applicability to real-world scenarios was 

preliminarily confirmed in a human walking trial involving one 

participant to track the motion of the body's center of mass. The 

limitations of the method include dependence on sufficiently 

strong micro-Doppler components, reduced sensitivity to very 

low-velocity and line-of-sight-orthogonal motions.  

Future work will be aimed at improving the lateral movement 

detection with the swinging arms and at validating the 

algorithm performance by extending the experimental dataset 

with a higher number of participants with different heights, step 

frequencies, and gait conditions (e.g., different walking speeds 

and/or overground walking). 
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